Personalising population-based respiratory motion models of the heart using neighbourhood approximation based on learnt anatomical features 
Abstract
Respiratory motion models have been proposed for the estimation and compensation of respiratory motion during image acquisition and image-guided interventions on organs in the chest and abdomen. However, such techniques are not commonly used in the clinic. Subject-specific motion models require a dynamic calibration scan that interrupts the clinical workflow and is often impractical to acquire, while population-based motion models are not as accurate as subject-specific motion models. To address this lack of accuracy, we propose a novel personalisation framework for population-based respiratory motion models and demonstrate its application to respiratory motion of the heart. The proposed method selects a subset of the population sample which is more likely to represent the cardiac respiratory motion of an unseen subject, thus providing a more accurate motion model. The selection is based only on anatomical features of the heart extracted from a static image. The features used are learnt using a neighbourhood approximation technique from a set of training datasets for which respiratory motion estimates are available. Results on a population sample of 28 adult healthy volunteers show average improvements in estimation accuracy of 20% compared to a standard population-based motion model, with an average value for the 50 th and 95 th quantiles of the estimation error of 1.6mm and 4.7mm respectively. Furthermore, the anatomical features of the heart most strongly correlated to respiratory motion are investigated for the first time, showing
Introduction
Despite recent advances in medical imaging, respiratory motion remains a major limiting factor for image acquisition and image-guided interventions on organs in the chest and abdomen. In image acquisition, respiratory motion causes artefacts such as blurring, affecting the validity of subsequent diagnosis and treatment planning decisions. Image degradation for different organs (Keall et al., 2006; Scott et al., 2009 ) and imaging modalities (Nehrke et al., 2001; Blackall et al., 2006; Nehmeh and Erdi, 2008) has been extensively reported in the literature. In image-guided interventions, respiratory motion causes misalignments between the static images used for guidance and the moving anatomy, making the guidance information misleading and potentially dangerous (Hawkes et al., 2005; Linte et al., 2010) . For instance, respiratory motion during radiotherapy treatment can cause the tumour to move, resulting in healthy tissue being irradiated (Keall et al., 2006) .
Over the last decade, respiratory motion models have been proposed as a viable solution for respiratory motion estimation and compensation (Mc-Clelland et al., 2013) . Respiratory motion models aim to model the relationship between the respiratory motion of the internal organs (which typically cannot be imaged in real-time) and some measurable surrogate data (e.g. diaphragm or skin surface displacement). This relationship is learnt in a calibration phase, during which the motion of the organs is estimated from a dynamic calibration scan acquired simultaneously with the surrogate data. When applying the model, the learnt relationship is used to estimate the motion based only on the acquisition of the surrogate data.
Respiratory motion models can be subject-specific or population-based. When building subject-specific models, the respiratory motion is estimated from a dynamic calibration scan of the same subject that the model will be applied to. The calibration scan is typically acquired using Computed Tomography (CT) or Magnetic Resonance Imaging (MRI). However, it is often impractical, or even impossible, to acquire this scan due to interruptions to the clinical workflow, subject considerations such as bariatric patients or patients with MRI-incompatible implants, dose issues or high cost. Furthermore, the image quality of the calibration scan might not be sufficient for reliable motion estimation.
To overcome the need for a subject-specific calibration scan, populationbased models have been proposed (Fayad et al., 2010; He et al., 2010; Ehrhardt et al., 2011; Klinder and Lorenz, 2012; Preiswerk et al., 2012; Samei et al., 2012) . For such models, the motion in the calibration phase is estimated from calibration scans acquired previously from a sample of the population of subjects, and the model is subsequently applied to a subject not belonging to the sample. Respiratory motion can vary significantly between subjects (Keall et al., 2006) , so current population-based models are generally less accurate than subject-specific models, as they average out inter-subject variations in motion (McClelland et al., 2013) .
Typically, population-based models are personalised to individuals by registering a template image representing the average anatomy of the population sample to a corresponding image of the new subject, and transforming the average motion model from the population coordinate system to that of the new subject. Most population-based models proposed to date use all subjects in the population sample to build the average motion model which is then applied to any out-of-sample subject. In this paper, we propose a technique for selecting a subset of the population sample to build the model, with the aim of improving its accuracy. A related work was presented in Samei et al. (2012) . The authors proposed a technique for making more accurate population-based motion estimates by weighting the contributions of the subjects in the population sample according to similarities of the surrogate. The technique was devised to estimate the respiratory motion and drift of the liver during radiotherapy treatment, but proved effective to estimate the respiratory drift only. As opposed to the personalisation proposed by Samei et al. (2012) , our proposed method is applied in the model formation phase instead of the model application phase, and considers static anatomical features only for the personalisation of the motion model, without any information on the respiratory motion or respiratory surrogates of the out-of-sample subject. Hence, to date no work has investigated the use of anatomical features learnt from static images to personalise population-based models in order to achieve more accurate motion estimates.
In our framework, a subset of the population sample that is more likely to represent the cardiac respiratory motion of the out-of-sample subject is selected to personalise the model. The selection is based on anatomical features of the heart derived from a static image which are learnt using a neighbourhood approximation technique. Our underlying hypothesis is that the respiratory motion of the heart and its morphology and position are in some way correlated. To the authors' knowledge, this is the first work investigating such a hypothesis. Work has been performed to investigate such a correlation for cardiac cycle motion (Metz et al., 2012) , but not, so far, for respiratory motion. The intended application for the proposed framework is cardiac respiratory motion estimation in image-guided interventions (Shechter et al., 2004; King et al., 2009) .
Preliminary work was presented in Peressutti et al. (2013b) . In this initial work only affine respiratory deformations could be modelled. Furthermore, the correlation analysis was limited to differences in bulk orientation and shape of the heart. In this paper, we extend the framework to model non-rigid respiratory deformations, and make use of non-rigid descriptors of the orientation and morphology of the heart, allowing generalisation of the framework to any other organ affected by respiratory motion. Furthermore, improvements to the methodology are presented, as well as the use of a larger sample of subjects. An extensive investigation of the correlation hypothesis is presented for the first time in Section 3.2.
Methods and materials

Overview
An overview of the proposed framework is shown in Figure 1 . The relationship between the respiratory motion of the heart and its anatomical features is learnt in a prior population model calibration phase. Provided with a static high resolution image of an out-of-sample subject as input, the respiratory motion model is personalised based on its anatomical features.
Each of the N datasets in the population sample consists of a high resolution image of the heart, a dynamic free-breathing calibration scan capturing the cardiac respiratory motion and some surrogate data (see Section 2.2). Similar to Ehrhardt et al. (2011) and Klinder and Lorenz (2012) , an average shape atlas of the anatomy is built using the N high resolution images (Section 2.2). Respiratory motion estimates are derived from the N dynamic calibration scans and transformed to the atlas's coordinate system to produce a motion atlas (Section 2.3.2). Unlike the population-based models proposed so far (McClelland et al., 2013; Ehrhardt et al., 2011; Klinder and 2012; Preiswerk et al., 2012) in which an average motion model of the N datasets is used for any out-of-sample subject, the proposed personalisation selects only K N subjects from the population sample which are more likely to represent the respiratory motion of the out-of-sample subject. These are selected using a neighbourhood approximation technique that will be described in Section 2.3.4. The inter-subject variability in motion is therefore exploited to obtain motion estimates that are more accurate than standard population-based model estimates.
We now describe each of these stages in more detail.
Materials
We imaged 28 healthy adult volunteers. All datasets were acquired using a 1.5T Philips Achieva MRI scanner (Philips Healthcare, Best, The Netherlands). Each dataset consisted of a static high resolution 3-D MRI volume and a free-breathing dynamic 3-D MRI calibration scan:
• High resolution 3-D: 3-D balanced TFE, cardiac triggered at late diastole, respiratory gated at end-exhale, 5mm navigator window, typically 120 sagittal slices, T R = 4.4ms, T E = 2.2ms, flip angle= 90 • , acquired voxel size 2.19 x 2.19 x 2.74mm 3 , reconstructed voxel size 1.37 x 1.37 x 1.37mm 3 , the acquisition window was optimised for each volunteer and was on average 100ms, scan time approximately 5 minutes.
• Dynamic 3-D calibration scan: 3-D TFEPI, ECG-triggered at late diastole, typically 20 slices, T R = 10ms, T E = 4.9ms, flip angle = 20 • , acquired voxel size 2.7 x 3.6 x 8.0mm 3 , reconstructed voxel size 2.22 x 2.22 x 4.0mm 3 , TFE factor 26, EPI factor 13, TFE acquisition time 267.9ms.
The high resolution 3-D image is part of many routine clinical protocols and provides high spatial resolution information about the anatomy and pathology of the heart. The dynamic calibration scan was ECG-triggered, therefore the images represented the motion of the heart due to respiration only. The scan acquired 40 3-D images while the volunteer was breathing normally. Given the short acquisition time of this scan, the field of view of the dynamic images was limited, covering most, but not all, of the four cardiac chambers. The superior-inferior displacement of the left hemi-diaphragm was measured in each image and this was used as the respiratory surrogate s for model formation.
Hereafter, we denote by I n , n = 1, .., N the 3-D high resolution images, while D np denotes the 3-D dynamic calibration image p of subject n, p = 1, .., P , n = 1, .., N , where N = 28 and P = 40. For any subject n, D n ref denotes the reference end-exhale dynamic image with the highest corresponding value of the surrogate s. The high resolution and dynamic scans were performed consecutively and the DICOM header information was used to transform all images into the same coordinate system. A subsequent rigid intensity based registration was performed between the I n and the corresponding reference dynamic image D n ref to correct for any possible patient motion between scans.
Methods
The constituent parts of the proposed framework can be summarised as:
1. building of an average shape atlas in its natural coordinate system; 2. transformation of respiratory motion estimates from each subject to the atlas's coordinate system; 3. analysis of respiratory motion similarities between subjects in the population sample; 4. neighbourhood approximation using respiratory motion similarity as distance metric and anatomical features as predictors; 5. personalisation to out-of-sample subject based on a static image.
We describe each of these parts in the following sections.
Average shape atlas
A typical initial step in the formation of any population-based motion model is the creation of an average shape atlas of the organ investigated, providing a common coordinate system in which the motions of the different subjects can be represented. An average shape atlas of the heart in its natural coordinate system (Frangi et al., 2002) was built by iteratively registering and averaging together the high resolution 3-D images, as we describe below.
To remove positional differences from the subsequent non-rigid registrations, the high resolution images (see Section 2.2) were firstly aligned according to the centre of mass of the heart. The centres of mass were computed over a manually drawn binary mask covering the whole heart and the ascending aorta. See Figure 2 for an example of a binary mask. The same masks were later used for motion estimation and evaluation purposes.
After alignment, one image was randomly selected as a reference I ref and the remaining images were registered to it using a hierarchical non-rigid registration algorithm . The N − 1 images (i.e. all apart from I ref ) were warped using the registration results. The intensities of the warped images and I ref were averaged to obtain an average intensity image I avg 0 which was used as reference I ref in the next iteration. All I n were registered and warped to the new reference I ref and the intensities of the warped images averaged together to obtain I avg 1 . This non-rigid registration and averaging process was repeated until the Normalised Cross Correlation (NCC) similarity measure between I avgt and I avg t−1 was higher than a predefined threshold of 0.99.
Since the pose and size of I avgt was still biased towards the initial choice of I ref , we employed the method proposed in Frangi et al. (2002) and Rueckert et al. (2003) to remove any remaining bias, as follows. The final average image I avgt was non-rigidly registered to each I n , n = 1, .., N and the resulting N deformation fields were averaged together and used to warp I avgt . The result of this warping is the final atlas image I atlas in its natural coordinate system, which requires the least residual deformation to explain the anatomical variability across all individuals. An example of I atlas formed from the 28 healthy adult volunteers is shown in Figure 2 , overlaid with the binary mask used for registration. In the following, T n denotes the diffeomorphic non-rigid transformation that maps each high resolution image I n to I atlas .
Motion estimates in atlas space
To compare the respiratory motion of the different subjects in the population sample, the motion was first estimated from each of the dynamic calibration scans D np (see Section 2.2). These motion estimates were transformed to the atlas's natural coordinate system, where they could be directly compared. We describe this process below.
To estimate the respiratory motion of the heart, the dynamic image with the highest corresponding value of the surrogate s (see Section 2.2) was selected as the reference end-exhale image D n ref and all remaining images were registered to it. As reported in the literature (Shechter et al., 2004; King et al., 2009) , cardiac respiratory motion can be well described by affine deformations, therefore we employed a 12 parameter affine registration algorithm to align D n ref to all other D np . This resulted in a set of P − 1 affine transformations R np that map D n ref to D np for each subject n. An identity transformation was also included for the reference dynamic D n ref , making P affine transformations in total for each subject. To localise the registration to the heart only, the dynamic images were masked using the same binary masks employed to build the atlas. The transformations 1 R np were transformed to the atlas's coordinate system using the method proposed in Rao et al. (2002) . Denoting by r np the respiratory deformation field corresponding to R np , the transformation was computed as follows r atlas
where J n is the Jacobian matrix of T n (see Section 2.3.1) which is analytically determined and r atlas np the deformation field transformed to the atlas's coordinate system. In our original version of the framework (Peressutti et al., 2013b) , the composition of the transformations
was used instead. This method assumes T n to be diffeomorphic and requires the estimation of both T n and T −1 n . Because the applied registration algorithm is not symmetric and does not compute T n and T −1 n simultaneously, the previous transformation method has been replaced in order to limit the effects of inaccuracies in the independent computation of T n and T −1 n .
Quantifying motion similarity
The previous two steps are typical of many population-based motion models and allow the creation of a common coordinate system where the subjectspecific respiratory motion estimates can be represented. The end result is a set of N × P respiratory deformation fields r atlas np in the atlas's natural coordinate system.
The aim of the next step was to quantify the similarities between the respiratory motions of the different subjects. The motivation for this was to learn the relationship between the anatomical features and respiratory motion. Quantifying motion similarities is a non-trivial task due to the lack of sampling correspondence between subjects, i.e. the surrogate values at which motions are estimated are different.
To overcome the lack of sampling correspondence between subjects, we derived a similarity measure from the pairwise comparison of subject-specific respiratory motion models. We denote by r atlas np x , r atlas np y and r atlas np z the x, y and z components of the respiratory deformation field r atlas np corresponding to the respiratory state p of subject n. In order to compare the respiratory positions of the different subjects, the respiratory surrogate s of each subject was normalised so that the minimum and maximum values were [−1, 0]. The surrogate s was the supero-inferior diaphragm displacement as measured from the dynamic images (see Section 2.2). The subjects were given no particular breathing instructions during the dynamic scan acquisition, so we assume that the acquired sequence is an unbiased sample of their normal breathing pattern. The amplitude range of the respiratory surrogate s computed over all 28 subjects was 23.8 ± 8.5mm.
Similar to King et al. (2011) , a subject-specific polynomial motion model M n (s) was formed for each subject n by fitting a polynomial function to the P values of r atlas np x , r atlas np y and r atlas np z as a function of the surrogate s for every control point of a grid covering the whole imaging volume. For details of the order of the polynomial function and the spacing of the grid see Section 3. Provided with a value of the surrogate s, the model estimates the respiratory motion field r atlas n,s at each control point of the grid by using the surrogate value as input to the polynomial function. Although the original motion estimates were affine, due to numerical approximations and registration inaccuracies, the deformation fields r atlas np are not strictly affine after transforming them using Eq. (1). Compared to our preliminary version (Peressutti et al., 2013b) which used affine motion, the modelling of the non-rigid deformation field allows extension of the framework to any non-linear motion/deformation.
To quantify motion similarities across subjects, the difference in respiratory deformation estimation between each pair of subject-specific motion models was computed as a motion similarity metric. Given 40 values of the surrogate s linearly distributed in [−1, 0], Target Registration Errors (TREs) between each pair of 40 motion model estimates were computed using all H ≈ 30, 000 voxels in the binary mask covering the heart of the atlas as target points (see Figure 2 ). For any given pair of subjects, i and j, the TRE was a vector of length 40 × H, with the element for voxel h and surrogate s defined as
where M i (s) h and r atlas i,s,h denote the model deformation estimation for subject i for the given surrogate values s at the h th voxel location. The 95 th quantiles of these pairwise TREs computed over the 40 values of s and all voxels h = 1, .., H were employed as the motion similarity metric, ρ(i, j) = 95 th quantile{T RE i,j,s,h }, ∀h, s, i, j = 1, .., N and a N × N distance matrix P = {ρ(i, j)} was built. The statistical distribution of TREs was highly asymmetric and non-Gaussian, thus quantiles represented a robust statistic of the distribution. In particular, 95 th quantiles provided a measure of the worst-case error in respiratory motion estimation.
Neighbourhood approximation
The main novelty of this work is the investigation of the hypothesis that the respiratory motion of the heart is in some way correlated with the cardiac morphology and position. Considering the mechanics of respiration, the contraction/relaxation of the diaphragm and the movement of the rib cage are the driving forces of motion (Sharp et al., 1975) . Therefore, it is reasonable to hypothesise that the morphology of the heart and its pose with respect to the rib cage and diaphragm will affect its respiratory motion. Preliminary results in our original description of the framework (Peressutti et al., 2013b) supported this hypothesis.
In our previous framework, a two step procedure (i.e. clustering and classification) was used, and each required careful optimisation of the parameters. In this paper, we address the limitations of our previous method by employing the Neighbourhood Approximation Forests (NAF) technique recently proposed by Konukoglu et al. (2013) . The aim of our application of this technique is to determine the neighbourhood of an out-of-sample subject by learning the underlying manifold implied by the respiratory motion similarities.
The training database consisted of the anatomical deformation fields t atlas →n , corresponding to T −1 n , that map the atlas I atlas in its natural coordinate system to each subject I n , and the pairwise distance matrix P. An example of t atlas →n is shown in Figure 3 . In the learning phase, NAF learns the subset of anatomical deformations that are most strongly correlated with the neighbourhood structure implied by the respiratory motion similarities P. Compared to our previous method, the anatomical features used as predictors are the non-rigid deformations t atlas →n instead of the affine anatomical parameters, and the two step clustering/classification process is embedded in a single and simpler to optimise approach. anatomical deformations t H atlas →n defined over the binary mask covering the heart and major vessels of the atlas were considered as features, instead of the deformations t atlas →n defined over the entire imaging volume. Note that parts of the rib cage and the diaphragm are included in the binary mask (see Figure 2 ). In order to remove translational offsets from the feature analysis, the mean value of the deformation vectors t H atlas →n was subtracted. Since our predictors are 3-D vectors, the original NAF technique (Konukoglu et al., 2013) was extended to deal with vector predictors rather than scalars. In particular, the optimisation at each node of the tree is performed for a vector valued threshold rather than a scalar threshold. The set of features selected at each node for each tree in the forest was used to infer correlation between anatomical features and cardiac respiratory motion (see Figure 7) . The parameters to be optimised were the number of trees in the forest, the minimum number of samples per node ∆ and the number of random features h selected at each node q. These parameters were determined by means of cross-validation and the values are reported in Section 3.
Personalisation
The personalisation of the proposed population-based model is carried out before model application. The input is a static high resolution image I oos of the heart for an out-of-sample subject, while the output is a respiratory motion model personalised for the out-of-sample subject.
The anatomical deformation field t atlas →oos was determined by registering I atlas to I oos . After the subtraction of the mean value, the anatomical deformations t H atlas →oos over the binary mask were given as input to the trained NAF. The out-of-sample anatomical deformations were propagated through each node in every tree in the forest by testing the features learnt in the previous step (see Section 2.3.4). The individual tree predictions were combined by computing an affinity measure A(I oos , I n ) = 1(I n ), ∀I n for every tree in the forest, where 1(·) is the indicator function, i.e. it is 1 if I n is in the same terminal node as I oos , and 0 if not. The affinity measure therefore counted the occurrences of I n in the same terminal node as I oos for all trees in the forest. The K subjects used to build the motion model for the out-of-sample subject were the K subjects with the highest affinity measure, representing the K closest neighbours on the manifold implied by the respiratory motion distances ρ(·, ·).
The respiratory motion estimates of the K neighbours were transformed to the coordinate system of the out-of-sample subject using equation (1), but employing the inverse Jacobian matrix corresponding to T −1 n . A polynomial motion model, similar to those used to determine respiratory motion similarities (see Section 2.3.3), was then built using the transformed respiratory deformations. Given the respiratory surrogate values for the out-of-sample subject, respiratory motion model estimates were produced.
Experiments
The aims of the evaluation were two-fold. First, the estimation accuracy of the proposed personalised model was investigated by comparing it to other estimation techniques, namely no respiratory motion estimation, a standard average population-based motion model (Fayad et al., 2010; He et al., 2010; Ehrhardt et al., 2011; Klinder and Lorenz, 2012; Preiswerk et al., 2012) , our previously proposed version (Peressutti et al., 2013b ) and a subjectspecific motion model . The subject-specific motion model accuracy represented the best target accuracy achievable. Details of this experiment are presented in Section 3.1. Secondly, the relationship between the anatomical features and the respiratory motion of the heart was analysed in the set of experiments detailed in Section 3.2.
For experiments (II ), (III ) and (IV ) in Section 3.1 and both experiments in Section 3.2, a leave-one-out cross-validation was employed. This means that each of the 28 volunteer datasets was left out in turn and the remaining 27 datasets were used as the population sample (i.e. N = 27). The left-out dataset was used as the out-of-sample subject I oos .
For a thorough accuracy evaluation, we non-rigidly registered the dynamic images D np of each dataset n to the dynamic endexhale reference image D n ref . This process resulted in P − 1 gold-standard non-rigid motion fields which were employed to evaluate the accuracy of all techniques compared in each experiment. By warping D n ref using the goldstandard non-rigid motion fields, we obtained a set of artificial images with known, realistic motion fields which were employed instead of the original images D np for motion estimation (Section 2.3.2), for motion classification (Section 2.3.3) and for the evaluation described in this Section.
Target Registration Errors between the non-rigid gold-standard deformations and the respiratory deformations estimated by the compared techniques were computed over the H voxels in the binary mask covering the major chambers and vessels of the heart for all respiratory positions p = 1, .., P − 1. Median and 95 th quantile of the H × (P − 1) values of the TREs are the statistics considered as accuracy measures. Results for each experiment are reported in Section 4. Mean and standard deviation of the N values for the median and quantile are reported for compactness of representation.
Evaluation of estimation accuracy
The aim of this experiment was to evaluate the estimation accuracy of the proposed personalisation framework compared to state-of-the-art techniques. To this end, we compared:
(I ) NOEST : no respiratory motion estimation;
(II ) AVPOP : standard population-based motion model (Fayad et al., 2010; He et al., 2010; Ehrhardt et al., 2011; Klinder and Lorenz, 2012; Preiswerk et al., 2012) . All N subjects were used to build an average motion model which was applied to the out-of-sample subject I oos . To build such an average population-based model we transformed all respiratory motion deformations r atlas np , ∀n, ∀p to the coordinate system of I oos using equation (1). Given the normalised ranges [−1, 0] of the surrogate values, we formed an average motion model of the N × P respiratory deformations at all control points of a grid covering the heart of I oos as a function of the normalised surrogates;
(III ) PERCLUST : our previously proposed framework (Peressutti et al., 2013b) , which employed clustering/classification using affine anatomical features as predictors. A spectral clustering technique (von Luxburg, 2007) and a random forest classifier were employed. The inputs to the spectral clustering were the respiratory motion similarities P, the number of clusters C and the definition of the similarity graph, while the inputs to the random forest were the clusters and the affine anatomical features. Given the affine anatomical features of the out-of-sample subject, the K subjects in the cluster predicted by the classifier were employed to personalise the model. See Peressutti et al. (2013b) for more details;
(IV ) PERNAF : our proposed personalised motion model. As in (II ) -AVPOP, but only the K closest neighbours as predicted by the NAF were used to form the model for the out-of-sample subject I oos ;
(V ) SUBSPEC : subject-specific motion model . The respiratory motion model was formed using the respiratory deformations derived directly from the dynamic calibration scan of the out-of-sample subject. The same approach employed to build the motion models for the quantification of motion similarity (see Section 2.3.3) was used to form the subject-specific model. A leave-one-out validation was used to form the subject-specific motion model, meaning that, to estimate the respiratory position p, the corresponding respiratory deformations were not included in the model formation. The accuracy of the subjectspecific model estimates represent a limit to the accuracy achievable by population-based motion models.
For all motion models compared (II, III, IV, V ), a grid spacing of 5mm was employed and a 2 nd order polynomial function was fitted to the x, y, z components of the respiratory deformation fields at all control points of the grid . For methods (III ) PERCLUST and (IV ) PERNAF, the parameters were optimised using a subsample of 15 subjects from the population sample. For technique (III ) PERCLUST the optimal values were C = 6 clusters, 3-nearest neighbour graph for the spectral clustering and 500 trees, minimum number of samples per leaf ∆ = 3, entropy splitting criteria and h = √ H random features for the random forest classifier. The optimal NAF parameters for technique (IV ) PERNAF were 500 trees, minimum number of samples ∆ = 3 and h = √ H randomly selected features.
Evaluation of correlation hypothesis
The aim of this experiment was to provide more insights into the relationship between the anatomical features of the heart and its respiratory motion in healthy adult volunteers. Since we hypothesised that some cardiac anatomical features can be used to predict similarities in respiratory motion of the heart, we compared our proposed personalised model to a technique that employed the anatomical similarities only, i.e. without knowledge of respiratory motion similarities, to select the K subjects used to personalise the motion model.
The techniques compared were:
(i ) PERNAFANAT : NAF using anatomical similarity. Our proposed framework (IV ) PERNAF was used, but rather than using the respiratory motion distance ρ(·, ·) defined in Section 2.3.3, the mean anatomical deformation difference ρ anat (oos, n) = 1 H H w=1 t Hw atlas →oos − t Hw atlas →n 2 ,
was used instead. In Eq. (4), H w denotes the w th voxel of the H voxels in the binary mask. The more similar the anatomies of I oos and I n were, the lower the value of ρ anat (oos, n). This technique corresponds to unsupervised clustering with respect to the entire set of anatomical features. The best anatomical features selected by the NAF would therefore correlate with the neighbourhood structure implied by the anatomical similarities rather than the respiratory motion similarities;
(ii ) PERNAF : our proposed model.
By comparing techniques (i ) PERNAFANAT and (ii ) PERNAF we investigated the difference between the subset of features most strongly correlated with the anatomical similarity and those most strongly correlated with the similarity in respiratory motion. The same optimal NAF parameters used in the experiments detailed in Section 3.1 were used for techniques (i ) and (ii ).
Results
Results of the experiments on the accuracy are reported in Section 4.1, while Section 4.2 presents results for the experiments on the correlation hypothesis.
Estimation accuracy
Results of the leave-one-out cross-validation for the estimation accuracy experiments are reported in Table 1 . Mean and standard deviation of the N values for the median and 95 th quantile of the TREs corresponding to the estimation accuracy experiments are shown. 95 th quantiles of the TREs for each subject n are shown in Figure 5 . Results for no motion estimation (I ) NOEST are not reported in the Figure for clarity of representation.
Different values for the number of neighbours K (i.e. K=3, 5, 7) used for the personalisation of our proposed model (IV ) PERNAF were considered, with no significant statistical difference between the accuracy results over all subjects. However, the value of K did affect the individual estimation accuracies. For instance, a small K generated more accurate motion estimations for the subjects showing respiratory motion significantly different from the average motion of the population sample, while poorer accuracy was achieved for subjects with an average respiratory motion. On the other hand, K → N generated better estimation accuracies for subjects showing an average respiratory motion, but poorer accuracy for the other subjects. Therefore, to better highlight the performance of our method, hereafter we report the results using the closest K = 3 neighbours. The proposed personalised model estimates (IV ) PERNAF achieved an average improvement in estimation accuracy of 20% for both median and 95 th quantile compared to an average population-based motion model (II ) AVPOP. A paired t-test showed a statistically significant difference with p<0.01. The highest improvements of the 95 th quantile were achieved for subjects 27 (59.2%), 18 (52.8%) and 9 (48.8%). The accuracy improvement was higher for subjects with a respiratory motion differing significantly from the average motion of the population sample. The poor accuracy results achieved for subjects 28 (-40.8%), 15 (-21.0%) and 22 (-11.7%) might be due to sub-optimal parameters of the NAF and the number of neighbours K. In fact, these subjects show an average respiratory motion and accuracy results can be improved by increasing K. Furthermore, increasing the number of subjects in the population sample would likely lead to more robust performance improvements, given the increased respiratory motion variability represented by the population sample.
Compared to our previously proposed technique (III ) PERCLUST, average accuracy improvements of 11% and 7.8% in median and 95 th quantile were achieved, respectively (p<0.10). In addition to accuracy improvements, the framework proposed in this paper requires less parameters to be optimised and allows extension to non-rigid anatomical deformations, which are necessary to describe anatomical variations for many organs affected by respiratory motion (e.g. lungs, liver). 
Correlation hypothesis
Results of the leave-one-out cross-validation for the experiment on the correlation hypothesis are reported in Table 2 and Figure 6 .
The closest K = 3 neighbours were considered for the personalisation of the motion models for both techniques (i ) PERNAFANAT and (ii ) PER-NAF. Accuracy results in respiratory motion estimation achieved by technique (i ) PERNAFANAT highlight the fact that the similarity in the anatomy of the heart is not a good predictor of respiratory motion. In fact, estimation accuracy for technique (i) PERNAFANAT was slightly worse than an average population-based model (II ) AVPOP. Figure 7 shows the frequency maps of the anatomical features that were selected as best features by the NAF for methods (i) PERNAFANAT and (ii ) PERNAF. These frequency maps show the occurrence of the best features selected during the training of the trees in the forest normalised by the overall number of nodes. For clarity of representation, the frequency maps shown are scaled to the maximum value, which was different for method (i ) PERNAFANAT and (ii ) PERNAF (see colourmap ranges). It can clearly be seen that the most relevant features implied by the anatomical similarities are different from those implied by the similarity in respiratory motion. In particular, referring to Figure 7 (b), anatomical features most strongly correlated to respiratory motion are found on the apex of the heart in proximity to the diaphragm and the rib cage, on the left ventricle and interventricular septum. This seems plausible, considering that the main drivers of respiratory motion are the diaphragm and the rib cage movement. On the contrary, the set of features most strongly correlated to anatomical similarity only ( Figure  7(a) ) are less localised, especially in the inner regions of the heart. This experiment emphasises the importance of the respiratory motion manifold in constraining the selection of the anatomical features relevant for respiratory motion estimation.
The anatomical features selected by the NAF could be used to derive local high-order descriptors of the cardiac shape which might be meaningful from a clinical perspective. For instance, the average shape of the apex for 20 the different subsets in the population sample could be extracted and used as a clinical parameter for motion classification. However, the extraction of these parameters requires further evaluation and goes beyond the scope of this paper. 
Discussion and conclusions
We have proposed a novel framework for the personalisation of populationbased respiratory motion models of the heart. The proposed method selects a subset of the population sample which is more likely to represent the cardiac respiratory motion of an out-of-sample subject based on learnt anatomical features only. These learnt anatomical features are able to predict the neighbourhood structure implied by the similarity in respiratory motion.
Results on the cardiac respiratory motion of adult healthy volunteers derived from MRI images were reported. The proposed framework showed average improvements in respiratory motion estimation accuracy of 20% compared to state-of-the-art population-based motion models. Results reported in this paper support the hypothesis of correlation between the anatomical appearance of the heart and its motion due to respiration. To the authors' knowledge, this is the first work investigating such a hypothesis. In particular, features of the heart on the apex in proximity to the diaphragm and rib cage, on the left ventricle and on the interventricular septum were found to be good predictors of the similarity in respiratory motion of the heart.
There is a conceptual link between the framework described here and prior work on multi-atlases. For example, in Aljabar et al. (2009) and Wolz et al. (2010) more accurate atlas-based segmentations were achieved by exploiting similarities between an out-of-sample subject and a subset of a database of atlas images. This type of approach can be viewed as defining a manifold of atlas images and then determining the neighbours of a new image in this manifold. Atlas segmentations were then propagated from the neighbours. In our framework, we define an implicit manifold of motion and use NAF to find the neighbours of an out-of-sample subject in the manifold. Motion models are then formed from the motion estimates of the neighbours.
To date, there is only one example of clinical translation of a motion model-based technique: the Cyberknife Synchrony system (Schweikard et al., 2000) . This technique uses a subject-specific respiratory motion model to synchronise dose delivery in radiotherapy. Because of the imaging technology and clinical protocol used in this application, it is more feasible to acquire the subject-specific calibration scan without significant interruptions to the workflow. For most other situations, however, the need for a subject-specific calibration scan and the relatively poor estimation accuracy of state-of-theart population-based motion models represent significant impediments to the clinical translation of respiratory motion models. The proposed framework addresses these limitations, providing more accurate motion estimation without the need for a subject-specific calibration scan, thus opening up new possibilities for the use of respiratory motion models in routine clinical protocols. The intended application of our framework is respiratory motion estimation during cardiac image-guided interventions (Shechter et al., 2004; King et al., 2009) , although the personalised model could also be applied for motion estimation during cardiac MRI image acquisition (Manke et al., 2003) . For some cardiac image-guided interventions, such as ablation procedures or coronary artery bypass grafting, an accuracy of ∼ 5mm represents a clinically adequate goal (Linte et al., 2010) , which is on average achieved by our proposed framework. A static high resolution image of the organ is often already available in the patient's record so, ideally, our personalisation framework can be applied without the need for any extra imaging, reducing scanning time and cost, and patient discomfort. As a further example, the implementation of the proposed framework in our previously proposed Bayesian respiratory motion model (Peressutti et al., 2013a ) may lead to robust respiratory motion estimates for image-guided interventions fully based on echography images.
To evaluate the proposed framework, a set of gold standard motion fields and corresponding dynamic images was generated. This enabled us to perform a thorough quantitative analysis of performance whilst using realistic images and motions. All registration results were visually inspected to ensure their accuracy and to assess any possible bias towards the registration technique used. In this work, a small-deformation model was employed as opposed to a large-deformation model (Ashburner, 2007) . Free-Form Deformations were used to characterise the variation in anatomy and the method proposed by Rao et al. (2002) was employed to transport the respiratory transformations to the atlas's coordinate system. More theoretically sound but complex methods could be used instead to derive and compute statistics on the transformations (Pennec, 2009) .
To quantify the respiratory motion similarities, the range of the respiratory surrogate was normalised and a motion model was built subsequently for each subject. Therefore, to apply the personalised motion model, the respiratory surrogate signal of the out-of-sample subject needs to be normalised as well. This might require a preparatory phase where the surrogate is acquired to establish minimum and maximum values, so that the surrogate can be normalised in real time. More sophisticated techniques for the quantification of motion similarities might be the focus of future work, as well as the extension to other respiratory patterns, such as shallow or deep breathing.
Further work is also required to investigate the optimal settings for the NAF parameters and the number of neighbours on a larger sample of subjects. It is possible that the relatively poor performance of our method for some subjects is due to non-optimal NAF parameters. A neighbourhood ap-proximation technique was employed in this work, but other methods could be used to provide an explicit formulation of the manifold implied by the respiratory motion. Moreover, further investigations are required to analyse the effect of pathologies and abnormalities of the heart on the cardiac respiratory motion. In the case of abnormal anatomies, difficulties in registering patient images to an atlas derived from healthy subjects might occur. To overcome these possible issues, inclusion of abnormal anatomies in the atlas formation or the use of multiple atlases could be adopted. Furthermore, more robust techniques to derive the anatomical features or the use of non image-based descriptors might be required in these cases. Future investigations could also analyse the links between the cardiac cycle motion and the respiratory motion of the heart since some pathologies (e.g. ischaemia) may cause changes to the cardiac cycle motion which might impact on the respiratory motion.
In future work we plan to investigate the validity of our assumption (correlation between organ anatomy and respiratory motion of the organ) to other organs affected by respiratory motion, such as the lungs or the liver. Such investigation could lead to a personalisation framework for the respiratory motion of the whole thorax, provided with the subject-specific anatomy only. Furthermore, previous studies have shown differences in respiratory motion of the lungs due to lung diseases and tumours (Ehrhardt et al., 2009) . It is therefore possible that an explicit formulation of the manifold implied by respiratory motion could be used as a diagnostic tool for disease detection or staging. Such an approach could have application in treatment/detection of lung cancer or diseases such as chronic obstructive pulmonary disease.
